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This paper exploits an area-based pilot experiment to identify average treatment eects on
unemployment duration of treated individuals of two active labor market programs implemented in
Portugal. We focus on the short-term heterogeneous impact on two subpopulations of unemployed
individuals: young (targeted by the Inserjovem program) and old (targeted by the Reage program).
We show that the latter program has a small and positive impact (reduction) on unemployment
duration of workers nding a job upon participation, whereas the impact of Inserjovem is generally
negative (extended durations). These results are robust to a wide variety of constructions of quasi-
experimental settings and estimators. The identication of heterogeneous eects showed that the
program results were less satisfactory for young workers, for those over 40 and for the less educated.
Women also beneted less from the programs. The results seem to improve slightly for young
workers in the 2nd semester of implementation, but they deteriorate in the medium term. The
lack of wage subsidies in the Portuguese programs may explain the minor impacts obtained, when
compared to similar programs.
Keywords: Active labor market program; causal evaluation; dierence-in-dierences estimator; unem-
ployment duration.
JEL Codes: J18, J23, J38.1 Introduction
The eectiveness of active labor market programs (ALMP) in reducing unemployment and speeding
transitions into employment has been the subject of a large and growing literature, as reviewed in
Heckman et al. (1999) and Kluve (2006). We evaluate a set of ALMP directed at both old and young
Portuguese unemployed. In the late 1990s, Portugal developed two initiatives { Reage and Inserjovem
{ aiming at increasing the employability of the long-term unemployed (the Reage program), and acting
earlier on youth unemployment, preventing episodes of long-term unemployment at the beginning of
their labor market careers (the Inserjovem program).1 This emphasis on preventive actions on long-term
unemployment led us to choose the impact on unemployment duration as the outcome of interest in our
evaluation exercise.
The most distinctive feature of our study is the possibility of evaluating the impact of ALMP on
young and older workers at the same time. In recent years, employment policies have started paying
further attention to older individuals (OECD, 2006). The promotion of longer working lives due to
issues of population ageing and pension system funding brings about increasing challenges to ALMP.
A larger pool of older unemployed requires the attention of public policies, but also the challenges are
dierent from those faced by younger unemployed. Traditionally, the older group faces harder labor
market conditions; Addison et al. (2004) report evidence of a non-stationary labor market environment,
namely, that the arrival rate of job oers falls sharply with age. Additionally, past experience with
ALMP shows that older workers are less motivated to participate in some of the initiatives (e.g. training,
a key component in the learning for life approach). By focusing on the dierentiate impact across age
groups, this paper contributes to this strand of the literature.
The relevance of our study is further potentiated by the institutional rigidity of the Portuguese labor
market. Despite being applied during a period of low unemployment, the Portuguese labor market
is characterized by extremely high employment protection, long unemployment spells and generous
unemployment insurance, and a low arrival rate of job oers, even for European standards. Overall,
the Portuguese setting constitutes a challenging environment for any ALMP. Thus, in the context of
the European Employment Strategy, a rigorous evaluation of the Portuguese experience with ALMP
applied to such a diverse group of individuals may be of great relevance for the implementation of similar
programs in other countries. Indeed, we nd evidence of an heterogeneous impact of the programs. For
individuals exiting into employment, those aged 30-40 reduced the duration of their unemployment
1We will refer to Reage and Inserjovem as `programs', although, as it is common with ALMP in place in most European
countries, they include a large set of policies to be detailed below.
2spells, while for older individuals (over 40) and young cohorts (less than 25) the programs had no
impact.
The programs under evaluation target all young people (less than 25 years old) before they have
been registered for 6 months and all adults before they reach 12 months of unemployment. The early
intervention is meant to ensure the timely implementation of responses suitable to each individual's sit-
uation. These responses are essentially job search assistance, including vocational guidance, counseling,
monitoring, and training or re-training options. Furthermore, they have a mandatory character, in the
sense that failing to comply with the directions of the Employment Oce (EO) placement team will
result in the loss of subsidies (including unemployment insurance and fee-exemption to access the public
health services).
The implementation of the Portuguese programs created an almost natural setting for the evaluation
exercise. The programs were rst introduced in a subset of EOs beginning in June 1998, generating
an area-based pilot experiment that we explore in our identication strategy of the programs' impact.
Afterwards, they were rolled out sequentially to the other EOs, fully covering the country in January
2001. The pilot EOs were not randomly chosen, but neither was participation based on specic local
labor market conditions. Indeed, they were picked for logistical reasons unrelated with the programs'
goals in terms of labor market outcomes. We apply a dierence-in-dierences methodology using the
natural treatment and control groups originating from this pilot setting. The treatment group will
consist of all registered individuals who participated in the programs in pilot EOs and the counterfactual
is drawn from the subset of EOs not implementing the program in the evaluation period. The dierence-
in-dierences methodology is supplemented with a combination of matching methods to generate the
dierence-in-dierences matching estimator, used to eliminate some potential sources of bias (Heckman
et al., 1997).
The goal of this paper is to determine the eects of the programs compared to the outcome of
the individual had (s)he continued to search for a job in the absence of the support provided by the
programs. We focus on the duration of complete spells of unemployment of individuals leaving the
programs during the rst 12 months of implementation (a short-term evaluation) and 2 years later
(a medium-term evaluation). Given the wide coverage and mandatory nature of the programs, they
can be considered as having comprehensive implementation. This raises the possibility of observing
indirect eects, such as substitution and equilibrium eects. The rst eect operates through a change
in the relative price of labor between the treated and untreated individuals and the second through an
3increase in the supply of labor that lowers wage and increases employment. The evidence collected by
Katz (1998) shows that these eects are more likely to arise in the context of wage subsidies, which
were not included as a treatment in the Portuguese programs, contrary to what has happened in other
countries, for example, the U.K. and Sweden. In our empirical work, we present some evidence on the
dimension of possible substitution eects by exploring the regional implementation of the programs.
Previous microeconometric studies of ALMP in European countries, taking place at around the same
time period, nd mixed results. Blundell et al. (2004) nd an important \program introduction eect"
for the UK; the program eect is much larger in the rst quarter than later on. These results are
conrmed in the longer-run analysis of De Giorgi (2005) for a sample of young males, using a regression
discontinuity approach; he nds no evidence of substitution or general equilibrium eects. Larsson
(2003), and Sianesi (2004) nd no signicant eect in the Swedish programs; the eects are small and
positive for the employment rate, but negative on reemployment wages. Still for Sweden, Carling and
Richardson (2004) conclude that transition rates improve more for subsidized work experience and
training provided by rms than those observed for classroom vocational training. For East Germany,
Eichler and Lechner (2002) nd that participation in public employment policies implemented after
reunication reduces participants' probability of employment. For a massive ALMP implemented in the
late 1990s in Switzerland, Gern and Lechner (2002)'s evaluation nds a positive impact for a policy
involving a wage subsidy, but negative eects for traditional employment programs.
An alternative strand of the literature conducts the evaluation of ALMP with duration models,
such as in the work of Bonnal et al. (1997) for France, Eberwein et al. (2002) for the US Job Training
Partnership Act and van den Berg and Klaauw (2006), who study ALMP applied in the Dutch labor
market. The minor impacts on the labor market prospect of the unemployed involved in ALMP are
typically conrmed in these alternative studies.
Our assessment of the Portuguese programs points to a small reduction in unemployment duration.
In the absence of the program, we estimate that unemployment duration of treated individuals would
increase by at most 0.4 of a month, which would not represent a large increase in duration given that
some workers spend many months unemployed. The results show some degree of heterogeneity for
dierent types of exits and programs. Recipients of treatment in Inserjovem tend to benet more when
moving into training (a reduction in unemployment duration) than into employment (with an increase in
unemployment duration), although the impact never exceeds 0.3 of a month. For older workers, Reage
program, the results point in the other direction with shorter unemployment spells for individuals placed
4in a job upon program participation and longer spells if they enter training.
Gender, age and schooling seem to play an important role in determining the programs' impact. In
transitions into employment, the impact is larger for men in Reage (a reduction of unemployment close
to one month). In terms of age, the largest impact is observed for individuals aged between 30 and 40.
Workers with a higher degree of education seem to benet more from the programs, especially those in
Reage. When the programs are evaluated for cohorts that were treated after the initial implementation
phase, the results point towards similar impacts in the second semester of implementation, but to
longer unemployment spells when evaluating the cohorts two years after June 1998; a pattern similar,
for example, to Blundell et al. (2004).
The results are robust to the choice of treatment and control groups and we were not able to nd
clear spillover eects from treated to untreated areas in terms of unemployment duration.
The modest results of the Portuguese programs in reducing unemployment duration might be ex-
plained by the lack of some key treatments, such as wage subsidies that, as claimed in Katz (1998),
increase ALMP eectiveness for specic disadvantaged groups. In the context of the \live longer, work
longer" debate, the paucity of the results for older workers (aged more than 40) points towards the
importance of designing policies specic to these workers and, more generally, to the educationally
disadvantaged groups.
The paper is organized as follows. The labor market programs are described in Section 2. The
evaluation problem, as well as the identication and estimation of average treatment eects are addressed
in Section 3. Section 4 presents the data and the results are discussed in Section 5. Finally, concluding
remarks are presented in Section 6.
2 The programs
2.1 Description of Inserjovem and Reage programs
We study large-scale ALMP implemented in Portugal at the end of 1990s, in the context of Guidelines I
and II of the European Employment Strategy, which aimed at improving employability and developing
entrepreneurship. Similar programs implemented in other European countries have been subjected to
evaluation (see, for example, Larsson (2003) or Sianesi (2004), for studies of the Swedish Youth Practice
Program, and Blundell et al. (2004) or De Giorgi (2005) for the British New Deal Program; Kluve (2006)
surveys microeconometric evaluation of ALMP in European countries). The Portuguese programs aimed
5at preventing long-term unemployment and are primarily composed of job search support initiatives,
involving vocational guidance, counseling, monitoring and training. The main policy goal was to improve
the employability of two target groups: (i) individuals aged less than 25 years, who must be enrolled
in the program prior to completion of six months of unemployment (the Inserjovem program) and (ii)
individuals aged 25 or more, who must be enrolled before the 12th month of registered unemployment
(the Reage program).2
Program participation is mandatory; all eligible individuals who refuse to participate face a loss
of entitlement to benets and their registration is cancelled. The benets of being registered at the
EO are not conned to unemployment insurance, but include fee-exemption to access the public health
services, and other programs, such as training schemes, oered by the Employment Services. The
mandatory characteristic of the programs reduces the potential for self-selection into the programs,
which constitutes the main source of bias in other evaluation exercises (Michalopoulos et al., 2004).
The programs are composed of intensive job-search assistance and small basic skills training, for
example, writing a curriculum vit. They include a large number of dierent responses by the EO
placement team. Each individual is interviewed with placement ocers to help her/him improve job-
search skills and, if deemed necessary, (s)he can enter a number of vocational or non-vocational training
courses. The whole process of job-search assistance ends with the elaboration of a \Personal Employment
Plan", which includes detailed information on the unemployed individual's job search eort. According
to this Plan, the unemployed individual is expected to meet on a regular basis with the placement
ocer and to actively search for a job. Unjustied rejection of job oers leads to the cancellation
of registration. The programs led EOs to pay a much closer attention to the search commitment of
registered unemployed.
Individuals enrolled in the programs face dierent exits. The main ones, upon participation in the
programs, are placement in a salaried job available through vacancies posted in the EOs, and education
or training.
The programs were launched in June 1998 in a limited number of EOs. Afterwards, they were
gradually extended to the rest of the country until full coverage was reached in January 2001.3 The
EOs selected to participate in June 1998 generated an area-based pilot group that we explore for the
evaluation exercise as our treatment group. As it can be seen in Figure 1, these EOs were evenly spread
2In practice, at each pilot EO, there was a stock of youth (older) unemployed registered for at least 6 (12) months,
who, according to the ocials involved in the implementation of the programs, were also quickly enrolled.
3The implementation dates are: June and October, 1998; February, May, July, and November, 1999; April, June, and
September, 2000; and January, 2001.
6around the country, with the possible exception of the southern region of Alentejo.4 Additionally, these
oces were not chosen because of particular labor market conditions prevailing at that moment. Instead,
they were selected because they were logistically ready to comply with the technical requirements of
implementing the programs. All other EOs are potential control units. However, since our main results
focus on a six months' time window, we had to exclude as control units all EOs that joined the programs
later on, but within the time window, namely those joining in October, 1998. The municipalities
belonging to each of these 3 groups (treatment, control and excluded) are identied in Figure 1.
FIGURE 1 NEAR HERE
Between June 1998 and December 2002 there were about 1.5 million Portuguese unemployed indi-
viduals registered in EOs across the country, of which roughly 61% were women and 35% were young
(under 25). These numbers give an idea of the dimension and wide coverage of the programs. The im-
plementation of these programs also implied a signicant increase in the volume of expenditure. Indeed,
between 1997 and 1999, comparing a pre-program period and the pilot period (i.e., not yet covering the
whole country), the outlays specic to the ALMP increased by 60 per cent, to close to 90 million euros
(these gures do not include the costs shared by all EOs services).
2.2 Outcome of interest
Active job search programs are aimed at easing/speeding the transition from unemployment to employ-
ment. This study seeks to evaluate the impact of two programs on the duration of unemployment spells
on each of the two targeted groups { young individuals experiencing short-lived unemployment (under
25 and unemployment spells above 6 months) and older workers with longer unemployment spells (25
years old or more and spells over 12 months). The parameter of interest in our exercise is the impact on
the average unemployment duration among the treated as a result of improved job-search assistance.
We will measure the duration of unemployment spells that, after a program intervention, terminate
in one of the following states: (i) employment, (ii) training, or (iii) cancelled registrations. In the
following section we present the identication issues raised in the selection of the control group and the
estimation methods used.
4Figure 1 plots municipalities; note that each EO covers more than one municipality.
73 Identication and estimation methods
The problem of evaluating active labor market programs has been extensively studied in the literature
(Heckman et al., 1999). The methods draw on the use of natural experiments to evaluate treatment
eects in the absence of truly experimental data. These methods suggest several solutions to the
problem of generating a conveniently designed comparison group necessary to perform the program
evaluation. Given the quasi-experimental feature of these programs, the feasibility of any evaluation
exercise depends crucially on the ability that researchers have to generate such counterfactual groups
from the data available on the program implementation.
Typical methodologies proposed to tackle these issues include: dierence-in-dierences (see Meyer
(1995) and the recent review in Abadie (2005)) and matching methods (Rubin, 1977; Rosenbaum and
Rubin, 1983; Rubin, 2006). The dierence-in-dierences matching method has been proposed by Heck-
man et al. (1997) and Heckman et al. (1998) as a combination of the two former methods. It was
recently reviewed and compared with the other methods by Smith and Todd (2005) and has the po-
tential benet of eliminating some sources of bias present in quasi-experimental settings, improving the
quality of evaluation results signicantly.
We take advantage of the characteristics of the dataset and of the program implementation to
construct treatment and control groups. In particular, we explore (i) the existence of data for the
pre- and post-program periods, and (ii) the source of variation resulting from the pilot implementation
phase (which generates spatial and time dierences). The available sample has pre-treatment and post-
treatment observations and we use this repeated cross-section characteristic to implement estimators
from the dierence-in-dierences class. The dataset characteristics are also important in trying to meet
the fundamental requirements for the success of our evaluation exercise, namely, choosing a comparison
group from the same local labor market and with comparable measures from a common data source, as
put forward by Heckman et al. (1997) and Heckman et al. (1998).5 The second requirement is clearly met
in our evaluation exercise as all information was recorded through a common dataset obtained from the
administrative records of the EOs' database (see section 4). Next we concentrate on the rst argument,
usually identied as the main source of bias in evaluating mandatory public programs (Michalopoulos
et al., 2004).
5The availability of a rich set of variables related to program participation is also indicated as crucial for the good
performance of some of the methods used in the estimation, but we will refer, at full length, to this aspect later.
83.1 The treatment groups and the counterfactuals
The design and phased implementation of the programs across Portugal generated a natural way to
construct treatment and control groups. The treated individuals are drawn from EOs that implemented
the programs in June 1998 (i.e., the pilot EOs). In particular, the Inserjovem treatment group includes
all individuals under 25, who completed an unemployment spell of 6 months either before June 1998 or
during the rst 6 months of implementation; the Reage treatment group is dened in the same fashion,
but it consists of individuals 25 years old or more with at least 12 months of unemployment.
The construction of the comparison group was determined by the same criteria, but considering,
instead, EOs not oering the programs during the period of evaluation.
This paper examines the two age-groups separately: the young in Inserjovem and the older in
Reage. Individuals, within each of these groups, will probably be fairly homogeneous across treatment
and comparison sites and the mandatory nature of the program reduces the potential of self-selection
into the program to produce a large bias. Thus, the main source of bias in these comparisons might be
geographical mismatch, something we will deal with carefully in our empirical exercise.
As mentioned, the timing of implementation at each EO was not random, and this raises some
concerns associated with the quasi-experimental nature of the process. However, the sequencing of
enrollment of each EO was not dictated by the specic labor market conditions prevailing at the regional
level, and this allows us to argue that it does not bias our estimates. As previously shown, they are
spread across the country (Figure 1) and, as it can be seen in Figure 2, except for one date, the regions
with the highest (or lowest) unemployment rate were not those to be selected rst to participate in
the programs. Furthermore, the unemployment rate prevailing at the locations initially applying the
programs is close to the average unemployment rate prevailing at other locations.
FIGURE 2 NEAR HERE
We understand that the conditions to evaluate the impact of the policy in such a setting are not as
perfect as in experimental settings and, as such, identication of the treatment eect requires stronger
conditions than if these EOs had been assigned in a truly random fashion. In fact, in our exercise,
the counterfactual is drawn from a dierent labor market. We will take this into account when dis-
cussing identication, and will try to circumvent the possible sources of bias still remaining in the
quasi-experimental setting through the choice of adequate estimation methods. We will also do several
robustness checks of our identifying assumptions.
93.2 Econometric implementation
Let Y D
it be the outcome of interest for individual i at time t given that (s)he is in state D, where D = 1
if exposed to the program, and 0 otherwise. Let treatment take place at time t. The fundamental
identication problem lies in the fact that we do not observe, at time t, individual i in both states.
Therefore, we cannot compute the individual treatment eect, Y 1
it   Y 0
it. It is possible, however, if
provided with a convenient control group, to estimate the average eect of the treatment on the treated.
The method we use is often labelled dierence-in-dierences (D-in-D) and compares the average behavior
before and after the program for the treatment group with the before and after outcomes for the
comparison group (Blundell and Costa Dias, 2000).
The idea behind a D-in-D estimator is that we can use an untreated comparison group to identify
temporal variation in the outcome that is not due to the treatment. However, in order to achieve iden-
tication of the general D-in-D estimator we need to assume that the average outcomes for treated and
controls would have followed parallel paths over time. This is known as the common trend assumption:
E[Y 0
it   Y 0
it0 j D = 1] = E[Y 0
it   Y 0
it0 j D = 0]; (1)
where t0 is a time period before program implementation. The assumption states that the temporal
evolution of the outcome variable of treated individuals (D = 1), if they had not been exposed to the
treatment, would have been the same as the observed evolution for the individuals not exposed to the
treatment (D = 0).
If the assumption expressed in (1) holds, the D-in-D estimate of the average treatment eect on the
treated can be obtained by the sample analogs of
D-in-D = fE[Yit jD = 1]   E[Yit jD = 0]g   fE[Yit0 jD = 1]   E[Yit0 jD = 0]g: (2)
where Yit is the observed outcome for individual i at time t. As stated above, it measures the impact
of the program by the dierence between participants and nonparticipants in the before-after dierence
in outcomes.
The common trend assumption can be too stringent if the treated and control groups are not balanced
in covariates that are believed to be associated with the outcome variable (a common problem referred to
as the Ashenfelter's dip, after Ashenfelter (1978)). The D-in-D setup can be extended to accommodate
a set of covariates and this is usually done in a linear way. The formulation below takes into account
10eligibility specic eects and time/aggregate eects. In the following model, b D corresponds to this
estimate and is obtained for a sample of treatment and control observations:
Yit = D + t + 0Zit + DDt + "it; (3)
where D is as before and represents the eligibility specic intercept, in our case dened over age,
unemployment duration and area according to each of the programs' rules, t captures time/aggregate
eects and equals 0 for the pre-program period and 1 for the post-program period. Z is a vector of
covariates (pre-determined with respect to the introduction of the program) included to correct for
dierences in observed characteristics between individuals in treatment and control groups.
This estimator allows us to control for dierences in the Z and allows for time specic eects but it
does not allow D to depend on Z and it does not impose common support on the distribution of the Z's
across the cells (before and after; treatment and control) dened by the D-in-D approach. Additionally,
and as pointed out by Meyer (1995), this procedure might be inappropriate if the treatment has dierent
eects for dierent groups in the population.6
These pitfalls can be mitigated by supplementing the D-in-D estimates with propensity score match-
ing. The dierence-in-dierences matching (DDM) estimator implemented follows Heckman et al. (1997,
1998); Smith and Todd (2005). Intuitively, the benets over the simple D-in-D estimator may arise from
the fact that the matching version adds the comparability on the observable covariates that characterizes
the propensity score matching estimator.
The feasibility of the matching strategy relies on a rich set of observable individual characteristics,
those included in Z, and we use it to guarantee that the distribution of the individual characteristics im-
portant for the denition of the outcome is the same in the dierence-in-dierences cells. The matching
process models the probability of participation and matches individuals with similar propensity scores.
The common trend assumption behind the DDM estimator (Smith and Todd, 2005) is
E[Y 0
it   Y 0
it0 j P(Z);D = 1] = E[Y 0
it   Y 0
it0 j P(Z);D = 0]; (4)
where P(Z) = Pr(D = 1jZ) is the propensity score. The set of variables in Z typically includes
information on the demographic characteristics and recent labor market history of workers. Thus, the
key identifying conditions on growth is conditional on Z, and via properties of the propensity score
6Note that heterogeneity in the treatment eect can be accommodated in (3) by suitably interacting D with the Z's
(see Heckman and Hotz (1989)).
11(Rosenbaum and Rubin, 1983) this implies (4). The DDM estimator also requires the support condition
of a nonparticipant analogue for each participant, formally that Pr(D = 1jZ) < 1. As pointed out in
Heckman et al. (1997, 1998), it is important to guarantee that we are able to nd a match for program
participants, that is, that the condition Pr(D = 1jZ) < 1 is satised. Indeed, if there are regions
where the support of Z does not overlap for the treatment and control groups, we should restrict the
matching to the common support region to avoid a major source of bias in quasi-experimental program
evaluations (Heckman et al., 1998).
We use the repeated cross-sectional dimension of our data, and implement the DDM estimator
following Smith and Todd (2005):
b DDM = E
h
Y 1
























represent the expected outcome of individuals in the control group
matched with those in the treatment group, respectively, in the after and before periods. To guarantee
that, in each time period, the distribution of the relevant characteristics is the same for treatment and
control, we ensure that observations in the four cells (Before/After; Treatment/Control) have propensity
score within the same range. In practical terms, we restrict the computation of the average treatment
eect on the treated to units that, after being successfully matched in each period, have propensity
scores within a common range among the four cells, ensuring common support as required in Smith and
Todd (2005).7
In each time period, units are matched using both kernel and spline matching algorithms.8 The
implemented algorithm is described in section A.1 of the Appendix.
4 Data
The Portuguese EOs collected data on the entire population of registered unemployed individuals re-
gardless of their participation status in the programs. The SIGAE dataset covers both the pre- and
post-program periods. Our data start in January 1997, 1 1=2 years before the start of the programs,
and nish in December 2002, almost 2 years after the last set of EOs joined in. Overall, the dataset
comprises over 2 million spells of registered unemployment, monitoring dierent features of the pro-
grams and individuals. The information in the dataset includes most demographic variables used in
7A variant of the DDM estimator for repeated cross-sections data appears in Blundell et al. (2004).
8See Becker and Ichino (2002) and Caliendo (2006) for a practical description of these and other matching criteria.
The empirical implementation is partially based on (Leuven and Sianesi, 2003).
12labor market studies (e.g. age, sex, nationality, schooling, place of residence) and some variables related
with previous labor market experience (e.g. reason for job displacement). The unemployed individual is
observed for the duration of the unemployment spell and, at the moment of termination, we can observe
the destination state (either employment, training or out of the labor force).9
In the empirical analysis, the post-program period covers the 6 months time window from July to
December 1998. The pre-program period covers the 6 months preceding the policy implementation
(December 1997 to May 1998). In analyzing duration data, the statistical description of the process
depends both on the transition intensities and on the way the data is collected. In our case, we use
a sampling plan in which we take from the whole population of registered unemployed all individuals
leaving unemployment in the mentioned xed time window. Following Lancaster (1992), p. 182, the
analysis of the registered unemployment duration process can simply be carried out \either by observing
entrants to a state and their x's [characteristics] and waiting until t [is] revealed or by observing leavers
and asking from x, [and] t." We follow the latter sampling scheme. Its main feature, under the standard
stationarity assumption in this literature, is that the probability that a person is selected for the sample
does not depend upon time (t). Thus, our analysis will be based only on the distribution of complete
spells of unemployment leavers.
Table 1 documents pre-program period average characteristics of unmatched treated and control
groups for both programs. The subjects in the treatment and control groups present already at the
outset rather similar average characteristics, this is perhaps not surprisingly given (i) the common source
for the data, (ii) the almost random selection process of EOs into the pilot group (see section 3.1) and
(iii) the proximity of the labor markets in each group (see Figure 1). It is also worth noticing that
since dataset covers the whole population of registered unemployed, we are able to obtain a rather
large sample size, the exception being the sample of transitions into training, a less common way out of
unemployment.
TABLE 1 NEAR HERE
This evidence constitutes a good stepping stone from which to proceed more condently with the
econometric analysis, i.e., we have a good starting point which together with the battery of formal tests
to be conducted and the institutional setting will help us provide a convincing argument to the eect that
the hypotheses needed to implement the matching estimator, e.g. the conditional mean independence
assumption, are likely to hold in our setting.
9A follow-up interview with program participants was initially considered but the participating EOs were not able to
carry them out in a systematic way, and the interview process was eventually abandoned.
135 Unemployment duration: Average treatment eect on the
treated
We now proceed with the empirical evaluation of the impact of the Reage and Inserjovem programs.
The unemployed can transit out of unemployment either into employment or into inactivity in the
form of training or cancelled registrations. To start with, we expose the data to dierent methods of
estimation of the treatment eect to assess the sensitivity to methodological issues. Then we consider
the possibility of heterogeneous eects among treated individuals. Finally, we assess the robustness of
our results by considering alternative constructions of our evaluation sample and test for some form of
anticipation, timing (medium term), and substitution eects between treated and untreated individuals
in dierent geographical locations.
5.1 A smorgasbord of estimators
In the evaluation literature there is not a one-size ts all methodology. On the contrary, as several
authors have shown, starting with the seminal work of LaLonde (1986), but including also the studies
of Dehejia and Wahba (1999, 2002) and Smith and Todd (2005), the choice of a method of evaluation
is clearly dependent on the particular evaluation setting. As we have argued, the implementation of
the Portuguese ALMP followed closely a natural experiment. As such, a simple dierence of sample
averages of treatment and control groups, in the pre- and post-program periods, might provide one
rst (good) guess at the impact of the programs. However, the `quasi' characteristic of the experiment
means that confounding factors may exist and these must be taken into consideration in the evaluation.
Given the mandatory nature of the programs, we do not expect issues of self-selection into treatment.
However, there might be dierences in observable characteristics, driving, in particular, the outcome
and not so much the selection into treatment. Thus, in Table 2, we present the results of our evaluation
using a smorgasbord of estimators proposed in the literature that attempt to handle such confounding
factors. In particular, we will base our estimates on the class of dierence-in-dierences estimators,
using some of the variants suggested in the literature, each of which has dierent underlying hypotheses
of identication.
The validity of the common trend assumption is crucial to the identication of our estimates. Thus,
we are interested in selecting treatment and control areas such that, in terms of pre-program average
unemployment duration, the common trend assumption is satised. Figure 3 represents the recent
14history of average unemployment rates (left-panel) and unemployment duration in the treatment and
control areas (right-panel). The gure shows that the path of unemployment rates and the average
unemployment duration in the two sets of EOs are very similar, suggesting that they have been subject
to macroeconomic shocks to which their labor markets responded in a similar way. It is also evident
from right-panel that individuals in the control areas have longer unemployment duration. However,
we are more concerned with the dierences between regions over time than with the dierences at a
given moment in time. For the common trend assumption to be met, we would like to have a constant
dierence over time, which would signal that the aggregate trends aect the two groups in a similar
way. In fact, as depicted in right-panel, the average unemployment duration in treatment and control
areas follow parallel paths in the pre-program period.
FIGURE 3 NEAR HERE
5.1.1 Dierence-in-dierences results
We start with the unrestricted dierence-in-dierences estimator. This estimator does not control for
observable dierences between treatment and control groups, but does account for (constant) non-
observable dierences over time. The results are reported in the column (1) of Table 2, and almost
regardless of the program and destination state they indicate a small reduction in unemployment du-
ration, particularly in view of the large weight of long term unemployment in the Portuguese labor
market.
TABLE 2 NEAR HERE
The unrestricted D-in-D estimator identies the average treatment eect on the treated only under
certain distributional assumptions (see Heckman and Robb (1985)) that due to the stringent nature are
best avoided if selection to treatment can be parameterized. Thus, we control for observable dierences
by estimating a linear model: the dierence-in-dierences restricted estimator. The set of conditioning
variables is listed in Table A.1 of the Appendix, and will be discussed at further length below under the
class of matching estimators. The estimates dier from the unrestricted ones, yielding typically smaller
impacts (Table 2, column (2)). In any case, the results point towards a reduction of unemployment
duration of at most 2 weeks.
Given the wide coverage of the Portuguese ALMP, there is scope for heterogeneous average treatment
eects on the treated, which we handle with the DDM estimator in the following section.
155.1.2 Matching implementation and results
The DDM estimates reported in Table 2 are the dierence of two average treatment eect estimates
obtained with the propensity score matching method, following, as described in section 3.2, the procedure
for cross-sectional data in Smith and Todd (2005); further details of the implementation are available
in the Appendix.
In the estimation of the propensity scores, we used probit models specied with most of the avail-
able observable characteristics { age, marital status, gender, education level, reason to register (red,
quitted, inactive), nationality, handicapped, and region (North, Center, Greater Lisbon, Alentejo, and
Algarve). Section A.2 details the propensity score estimation process for individuals who found a job
(placed) (Table A.1).10 Section A.3 presents a plethora of measures to assess the matching quality. The
conclusion to be drawn from this exercise is that we achieve acceptable levels of covariate balancing as
indicated by individual t-tests, the reduction in the absolute bias (Rosenbaum and Rubin, 1985) and
the joint signicance of covariates and pseudo-R2 before and after matching (Sianesi, 2004).
Having discussed the generosity of our matching quality, the last columns of Table 2 present the
DDM estimates. Focusing on the dierences between the conditioning methods, it is worth highlighting
the small dierences in the point estimates. Overall, the idea emerges that the DDM estimates yield
a less benign evaluation of the treatment (less negative or more positive point estimates), but most
importantly that our results are not driven by the choice of a particular method. Thus, to self-contain
the amount of reported results, and in view of the similarity of point estimates across methods, we will
henceforth focus our economic interpretation of the programs' impact on the DDM estimates.
5.1.3 D-in-D matching estimates by destination state
We now proceed by interpreting the short-term (rst 6 months of implementation) results of our DDM
estimates, for each of the destination states { placed, training and cancelled {, analyzed for each of the
programs.
Placed
The point estimates of the treatment eect on the treated in Table 2 indicate negligible impacts of the
two programs for those nding a job. Older individuals (Reage) were placed in a job about 2=5 of a month
earlier than if they had not been exposed to the program, while younger unemployed (Inserjovem) saw
10The results for the other exits/matching procedures are available from the authors upon request. Qualitatively, they
convey similar messages.
16their unemployment spells aggravated by about one week. However, both estimates are not statistically
dierent from zero and, therefore, not dierent from each other. Thus, in what may be argued is the
most important, but also the most challenging task of the programs, namely matching workers with
jobs, the current assessment shows that the programs did not have the expected eects.11
Training
Short of being able to place the unemployed in new jobs, the employment agency may consider training
as an alternative. The expected impact of programs such as Reage and Inserjovem is ambiguous. On
the one hand, if they result in earlier assessment of the unemployed's needs, then such programs may
bring about a reduction in unemployment spells. On the other hand, if earlier program eorts are
directed towards job search, then the decision to give training may be delayed, resulting subsequently in
longer unemployment periods. Furthermore, there is the possibility of locking in eects. The evidence
that we collect diers, yet again, by program. This time the impact is positive (reduced duration)
for youth unemployed and negative (increased duration) for the older individuals. Also notice the
larger magnitude in the latter case, 1.7 to 1.3 months and the economically insignicant impact of
around minus 1=5 of a month for the former group. From a statistical point of view, both estimates
are not signicant and with larger standard errors than in the previous estimates, which may in part
be explained by smaller sample sizes (18,323 vs 2,182 observations in Reage and 11,944 vs 3,168 in
Inserjovem). These sample sizes suggest that most of the training seems to have targeted younger
individuals, even though overall Reage covers a larger portion of treated (and control) individuals. If
we take the above argument for the expected impact, it is possible to maintain that there is some
complementarity between job placement and training. When the program reduces unemployment spells
via job placement, it increases unemployment spells before transiting into training (e.g. -0.36 vs 1.29)
and vice-versa (e.g. 0.27 vs -0.16).
Cancelled
Finally, we study the impact that the programs might have had on raising awareness of irregularities
that may lead to the cancellation of registrations. Again, the impact is dierent for the two programs.
In the Inserjovem program, the average treatment eect on the treated is positive and statistically
11In the D-in-D framework, following a referee's suggestion, we have also experimented with interacting the treatment
dummy variable with the covariates to account for heterogeneous impacts. The results do not dier substantially from
the ones reported here. Indeed, computed at the average value of the characteristics, the impact for the Reage program is
-0.23 months and for the Inserjovem program 0.07 months; the DDM estimates were -0.40 and 0.29, respectively (Table
2). The full set of estimates is available from the authors upon request.
17signicant: a reduction in the unemployment period of up to 2=5 of a month. On the other hand, in
the Reage program unemployment duration of treated individuals looks to have increased up to 1=5 of
a month, although the point estimates are not statistically signicant.
Overall, even though there are dierences between destination states and programs, the general
assessment picture that emerges is that both programs had small impacts on the duration of unem-
ployment spells of treated unemployed. Older workers beneted more from the program in terms of job
placements, whereas younger workers beneted more in terms of training transitions, which were clearly
delayed for older workers.
5.2 Heterogeneous eects
We will consider three levels of heterogeneity that might result in dierentiated impacts: (i) gender,
(ii) age, and (iii) education levels. We will report only DDM estimates based on the kernel matching
procedure described earlier. This procedure is applied to each of the subsamples, resulting eectively in
exact matching on each of those individual characteristics. Results regarding training are omitted due
to the small sample sizes for some of the subsamples.
5.2.1 By gender
We start by exploring a traditional dimension of heterogeneous eects, namely, gender dierences. The
results suggest that the programs had quite dierentiated eects on both genders. However, the results
do not indicate that one gender group always beneted more than the other; on the contrary, the sign
of the eects alternate depending on the triplet gender, destination state and program. The rst two
columns of Table 3 report the results.
TABLE 3 NEAR HERE
We have shown earlier (Table 2) that older workers' unemployment spells were reduced before enter-
ing a job, while younger workers were aected negatively by the treatment. The current evidence shows
that the sign of the impacts was totally driven by the performance of the male population. Men exposed
to Reage beneted (-0.85), while those in Inserjovem had spells lasting approximately one more month.
Women's performance on the job market as measured by the length of their unemployment spells was
not enhanced at all by either program.
18In terms of the cancelled registrations, we observed later cancellations in Reage and earlier ones in
Inserjovem. The gender results indicate that such results were, respectively, due to the later cancellations
for older men and the earlier ones observed for younger women.
5.2.2 By age
The range of ages targeted by the Reage program is rather wide, from 25 to 64 years old. The impact
of the program could, therefore, have been dierent according to the age distribution. To explore such
dierences, we split our Reage sample into three subsamples: (i) individuals aged less than 30; (ii)
individuals aged 30 to less than 40, and (iii) older individuals. The results presented in columns (3)
through (5) of Table 3 show some degree of heterogeneity.
The results in terms of `placed' individuals suggest that the reduction in unemployment durations
observed overall (see Table 2) were driven by the good performance of the two younger groups, par-
ticularly the middle group. For the older group, 40 or more years old, we did not observe a change in
their durations attributable to the program. Regarding exits due to cancellations, the group dominating
the overall results is now the oldest one. These individuals, perhaps due to the higher penalizations
that cancelling a registration entails for them, were the ones that saw their durations in unemployment
increase by 0.83 months due to their participation in Reage. The system was, however, more alert with
regards to the younger groups, and this may have resulted in shorter spells, about -0.9 to -0.6 months.
5.2.3 By education level
Finally, in the spirit of the heterogeneous eects identied for the age groups, we now explore the
existence of heterogeneous eects by education level. As already reected in Table 1, the Portuguese
labor market is characterized by the predominance of low educational levels, particularly among older
individuals (Reage). Thus, given this accentuated duality between educational `haves' and `have nots',
it is plausible that the programs had dierentiated impacts for these two broad groups. The nal 5
columns of Table 3 repeat the exercise, but now individually for each of the 5 education levels.
With regards to the `placed' in Inserjovem, there are no signicant dierences across the educational
levels and the point estimates are close to the average reported in Table 2, an average treatment eect of
1=4 of a month longer spells. However, for the more heterogeneous group in Reage, there are substantial
dierences. It is evident that the group of the better educated treatment units were the ones beneting
the most from the program, while those with 6 or less years of education either did not benet at all or
experienced tiny decreases in the unemployment spells. Although statistically none of the estimates is
19signicant, we observe reductions in unemployment spells for those with 9 or more years of education
ranging from 1 month to almost 3 months.
Finally, there is no pattern identiable by education level with regards to the treatment eect on
the treated for exits due to cancellations.
5.3 Timing eects
The eects of public policies might be anticipated by individuals or delayed in time by a process of
learning or adjustment to the new policy. To assess the importance of such eects, we will rst study
the impact of the program at later periods, namely, in the second semester after implementation and
two years after and then study the possibility of anticipation eects.
5.3.1 Impact on the 2nd semester and after two years of implementation
The implementation of the two programs involved putting into place a large and heterogeneous set
of resources. It is possible that the coordination and ne tuning of the program took longer than
one semester of implementation. This suggests the possibility that an evaluation of the impact of the
program at later periods might produce dierent assessments. For that purpose, we re-evaluate the
programs during the 2nd semester of implementation (January through June, 1999)12 and after 2 years
(July through December, 2000).13 The results are presented in the 2nd and 3rd columns of Table 4,
respectively.
While, with the exception of training, the results for the 2nd semester of implementation are similar
to the ones for the 1st semester (baseline), the results after two years indicate, without exception, that,
on average, participants in both programs spent longer periods unemployed. In both re-evaluations, the
statistical imprecision of the estimated has also increased, rendering non-signicant the point estimates.
Furthermore, the latter evaluation must be taken with some additional caveats. During the intervening
two years other policy changes came into eect that might have contaminated the evaluation; perhaps
the most prominent, in July 1999, when the entitlement periods of dierent unemployment insurance
benets were extended for the vast majority of the unemployed (see Centeno and Novo (2007) for
a detailed discussion of this reform and an evaluation of its impact on the duration of subsidized
12The treatment group now includes individuals from the same pilot EOs, but who received treatment during this later
period (2nd semester of implementation); the control group includes individuals from EOs that were not oering the
programs during the same semester.
13The same logic of construction is used here but for a later period, i.e., from the baseline control group we excluded
all EO's that enrolled in the program from December 1998 to June 2000.
20unemployment spells). This entitlement extension might have crowded out the positive eects that
ALMP intended to have on the duration of unemployment spells.
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5.3.2 Anticipation eects
Anticipation eects may occur within the pilot and/or non-pilot areas. Individuals in the pilot area
might have adapted their job search behavior in anticipation of future participation and the same might
have occurred with non-pilot area individuals prior to their EOs enrollment in the programs. In our
setting, the rst type of anticipation eects are less likely to have occurred because there were no pre-
announcements of the specic roll out of the program throughout the country. We also believe that
anticipation eects are unlikely to have occurred since in the non-pilot area the next wave of EOs to
join took place only in February 1999, 8 months after the pilot EOs.
Nonetheless, to address concerns with the possibility of anticipation eects in the control group, we
exclude from this group individuals belonging to the EOs that joined the programs in February and May
1999. The re-estimated impacts are presented in the last column of Table 4. The Inserjovem outcomes
are within the range of the estimates presented previously. With regards to the Reage participants,
the only result worth highlighting is the one for individuals placed in a job; the new estimate yields a
reduction in unemployment duration of 1.42 months. Relatively to the baseline estimate (-0.4, column
(1)), this dierence is attributable to individuals excluded from this evaluation, who had average unem-
ployment duration smaller in about one month than those in the EOs remaining in the new restricted
control group. This reveals that individuals in the baseline control group might have indeed intensied
their job search eorts in anticipation of participation in the new programs.
5.4 Local labor markets: Substitution eects and comparability issues
We argued that the control units came from EOs with similar labor market characteristics (see Figure
3) and that there was no premeditated selection behavior on the part of the program administrators
(see Figures 1 and 2). Among others, Heckman et al. (1997, 1998) have stressed the importance of using
treated and control units from the same local labor market to conduct causal evaluation. To further
address this concern, we consider other constructions of our treatment and control groups.
215.4.1 Treatment units: Excluding Alentejo
In Figure 1, there is one noticeable feature that may hinder the local comparability of treatment and
control groups: the set of treatment units located in the southern region of Portugal called Alentejo for
which there are only treatment EOs.14 This region has specic characteristics that may be harder to
replicate elsewhere. In particular, Alentejo is characterized by slightly higher unemployment rates, and
by large proportions of employment in the public and agricultural sectors, although the region is not
densely populated.
Thus, we redene our treatment group by excluding individuals who received treatment in the
Alentejo EOs. The results of this evaluation are presented in column (3) of Table 5, alongside column
(1), which shows the already reported DDM estimates (kernel matching) of Table 2.15
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The exclusion of Alentejo could inuence the estimates of the program impact, particularly in terms
of transitions to employment. Notice, however, the remarkable similarity to the `placed' results discussed
hitherto (rst column). In the two other instances the impacts are larger { cancelled registration in
Inserjovem (an eect that exceeds the previous by about two weeks) and transitions to training in Reage
(unemployment spells lasting 2.7 months longer, rather than 1.7 months). Notice, however, that the
condence intervals derived under the two constructions overlap and, therefore, statistically we cannot
exclude the hypothesis that both estimates are the same. Furthermore, these changes occur in the
categories that are less subject to labor market conditions, but are more dependent on the particular
conditions, characteristics and discretion of the EOs (e.g. availability of training and how closely the
cancellations rules are followed).
5.4.2 Control units: A subset of EOs
We now consider as control units only those individuals drawn from non-pilot EOs areas with common
physical borders with the pilot EOs area. This may have three advantages over the previous construction.
First, EOs come from similar local labor markets, specically in terms of the average unemployment
rate, without any of the pitfalls that may arise when comparing mean values constructed with more
diverse labor markets. Secondly, more than 98 percent of this control sample comes from EOs that
14A few EOs, located in Alentejo, joined in October 1998, only 4 months after the pilot EOs and within our 6 months
evaluation time window, resulting in the exclusion of these EOs from our control group.
15We replicate the estimation procedures underlying Table 2 for this new construction. Although omitted from Table
5, the choice of the estimation methodology, as in Table 2, does not drive our results. As before, we only report the DDM
estimates (kernel based propensity score matching).
22joined the program on or after May 1999 (almost a year after the pilot EOs). Therefore, it is rather
unlikely that individuals and/or EOs adapted their behavior in anticipation of the programs. Finally,
and more important, given the geographical and economic proximity of the EOs, we can gauge the
importance of substitution eects. In fact, if substitution eects are important, we expect the results
based on this counterfactual group to be larger than the previous ones, reecting the spillover in the
labor market in favor of treated individuals (who would have shorter unemployment spells compared to
those of the more substitutable workers in neighboring labor markets).
The results presented in the last column of Table 5 have remarkable qualitative and quantitative
similarities with the initial results (and the above robustness check). The only quantitative exception
is the impact on Reage individuals placed in a job. For this transition category, we now have point
estimates that can reach up to minus one month of unemployment. This result may point towards a
small substitution eect. Interestingly, however, the substitution eect on youth points, if anything,
towards longer unemployment spells when considering neighbor EOs.
In view of the underlying distribution of unemployment durations, which has rather long spells, the
set of results herein presented, which include several layers of heterogeneity and robustness checks, seem
to lead to the conclusion that the impacts on the unemployment durations of the treated were rather
paltry.
6 Conclusions
This paper evaluates the short-run impact of Inserjovem and Reage, two ALMP initiatives, introduced
in Portugal in the late 1990s. The measure of program eectiveness is the reduction in unemployment
duration through program participation. The programs target two distinct age groups: the Inserjovem,
for individuals under 25; the Reage, for individuals 25 or over. These programs were mandatory with
treatment ranging from job search assistance to training and vocational or non-vocational guidance. No
wage subsidies were included in the possible treatments. The possibility of analyzing the response of
young and older workers to such a treatment in the same labor market is one of the main advantages
of the Portuguese experience.
Identication of the average treatment eect on the treated is achieved by means of an important
source of variation generated by the area-based pilot implementation of the programs across the country.
This implementation created natural treatment and control groups, drawn from pilot and nonpilot areas,
23respectively.
The positive impact of the programs in reducing unemployment duration is very limited. In fact,
through program participation, we nd a small reduction on the length of unemployment spells for
Reage participants nding a job, and a tiny increase in the spell durations of individuals in Inserjovem.
These results are driven by the behavior of men, as women seem to react less to these treatments. Our
results point to a more positive impact for individuals aged 30 to 40 and among the better educated.
An important lesson to be drawn from this study for the ongoing discussion on ALMP for older
and disadvantaged workers is the apparent diculty of the programs in improving their unemployment
experiences. Indeed, the less educated individuals and those over 40 did not benet at all from the
programs, which can be seen as a partial failure of the programs with two of the groups that face the
worst prospects in modern labor markets. The impact of the program at later points in time, admittedly
after a learning period by EOs and other stakeholders, did not improve the prospects of the unemployed,
either.
As with job placement, the programs also had a dierentiated impact on the other two destination
states considered. In particular, the programs reduced unemployment duration for young workers exiting
the labor force, but increased it for older workers. A similar result is obtained with exits to training.
What can explain the weakness of these impacts when compared with other recently reported in the
literature (e.g. Blundell et al. (2004) and De Giorgi (2005) for the United Kingdom)? A possible driving
force can be traced back to the work of Katz (1998), who, in reviewing dierent ALMP, found that the
most successful were those combining wage subsidies with job search assistance and training. Contrary
to the policies implemented, for instance, in the United Kingdom, the rst dimension was absent in the
Portuguese policy mix. Katz (1998) also showed that such a combination was particularly helpful for
more disadvantaged groups, exactly those who did not benet from the Reage and Inserjovem programs.
We looked only at one dimension of the programs' success. There are, however, alternative dimen-
sions for future research paths, namely longer-run eects and post-unemployment job match quality.
24A Appendix
A.1 The matching procedure { common support
The implementation of a DDM estimator for repeated cross-section data entails imposing several layers of
common support to guarantee that treatment and control units are comparable (have common support)
in the pre- and post-program periods. To achieve these, we proceeded as follows:
1. The matching of treatment and control units in the post-program period is achieved after imposing
a common support condition, i.e., that the range of estimated propensity scores is the same for
treated and control units;
2. Then, we match treatment and control units in the before period, imposing still a common support
condition between these two groups;
3. The successfully matched units in steps 1) and 2) are further restricted to have propensity scores
in a common range. This guarantees that all units have common support of propensity scores.
In steps 1) and 2) each treatment unit's estimated propensity score is matched to the control unit(s)
propensity score(s), according to the matching method of choice { kernel or spline-smoothing.
An alternative scheme is implemented in Blundell et al. (2004).
In practice, the propensity scores estimated for the 4 groups (Treatment/Control, Before/After)
ended up being rather similar. This is not strange to the fact that individuals in the treatment and
control group, even before matching, shared rather similar average pre-treatment characteristics (see
Table A1); for the units in the before period, a similar exercise showed a similar pattern across pre-
treatment characteristics. Furthermore, the common support exercise benets from a large pool of
individuals from which to draw units with `common' characteristics. Therefore, the algorithm assured
common support across all four group, dropping from the total sample only a few observations (Table
A2 at the bottom reports common support information for the Reage group of placed individuals in the
post-treatment period).
A.2 Estimating the propensity score
One of the cornerstones of a successful matching procedure is the quality of the estimated propensity
scores. In turn, the estimation of the propensity scores entails two choices: (i) the type of model and
(ii) the choice of the variables to include in the model specication. While the choice of the model
25type is rather standard, revolving around the ubiquitous probit or logit models, the choice of the set of
variables to be included is less consensual and more crucial to a successful use of the propensity score
matching models. While some studies, Augurzky and Schmidt (2001) and Bryson et al. (2002), advise
against overparameterized models, Rubin and Thomas (1996) recommend against parsimony.
For the rst part, we settled for the estimation of probit models. For the set of covariates reported
in Table A.2, which include only variables that inuence simultaneously the outcome and the treatment
status (Smith and Todd, 2005; Sianesi, 2004), we relied on economic theory, previous research and the
institutional setting. Extensive literature in labor economics has demonstrated that characteristics such
as education level, age and previous labor market status (active/inactive, quitted/red) are important
determinants in the transitions out of unemployment. Thus, the inclusion of such variables in our model
is justied because it certainly aects the outcome variable, but also because it is rather likely that if
there was some type of selection on observables (on the part of administrators), then it was also based on
such characteristics. Our model specications further include variables such as marital status, gender,
disability and immigrant dummies, which do aect labor market transitions. Finally, we controlled for
regional dierences, which may be less important in determining the treatment status, but are clearly
important to control for dierences in the performance of regional labor markets. All the covariates are
measured before the treatment is administered.
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A.3 Assessing the matching quality
We assess the balancing of the distribution of covariates used in the propensity scores estimation within
each of the matching exercises. Table A.2 reports the p-value of the standard t-test for the equality of
mean sample values, the standardized bias (Rosenbaum and Rubin, 1985), and the joint signicance
tests and pseudo-R2 (Sianesi, 2004). This table details only the assessment of the sample of placed
individuals in the Reage program in the post-program period.16
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Starting with the standard t-tests for the equality of means for the treatment and control groups
for each of the variables included in the specication of the propensity score model, there are two
noteworthy results. First, as already pointed out in Table 1, there is a remarkable similarity between
16The remaining results are available from the authors upon request; qualitatively they are similar to the ones discussed
herein.
26the treatment and control group's mean values before matching. Nonetheless, from a pure statistically
point of view, the mean values are dierent from each other for the majority of variables. This leads
to the second point. After matching, we fail to reject the null hypothesis of mean equality between the
treatment and control groups for all variables.
In the next columns, we report the standardized bias as proposed by Rosenbaum and Rubin (1985),
and the reduction in the absolute bias obtained after matching control and treatment units. One pitfall
of this indicator often pointed out is the fact that it has no formal (statistical) threshold for assessing
the success of the reduction in mean bias. Nonetheless, the values that we obtain seem to grant some
success in the matching procedure, with reductions as large as 98.7 percent, and are in line with previous
empirical studies (Lechner, 1999; Sianesi, 2004). At the bottom of the table, we also report some overall
summary statistics for the absolute bias reported. The mean absolute bias in the matched sample is
1.82, while in the unmatched sample is 14.64.
Finally, following the suggestion of Sianesi (2004), we look at the joint statistical signicance of
the covariates and at the pseudo-R2 of the propensity score in the unmatched and matched samples
estimation procedures. As it can be seen in the last two rows of Table A.2, the pseudo-R2 in the
propensity score estimation that used only the treated units and the matched control units falls to
values close to zero. The F-test complements this information, corroborating the view that matching
has successfully eliminated any systematic observable dierences between the treated and control groups.
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31Table 1: Summary statistics of pre-determined characteristics: By program and treatment status
Reage Inserjovem
Mean Dierence Mean Dierence
Variables Control Treatment Control Treatment
Age 41.02 41.34 0.33 21.36 21.18 -0.18
Female 0.55 0.59 0.05 0.62 0.64 0.02
Married 0.72 0.74 0.02 0.15 0.16 0.00
Handicapped 0.01 0.01 0.00 0.01 0.01 0.00
Foreigner 0.01 0.01 0.00 0.01 0.01 0.00
Reason to register
Inactive 0.04 0.05 0.01 0.38 0.41 0.02
Quitted 0.05 0.05 0.00 0.05 0.04 -0.01
Fired(1) 0.64 0.60 -0.04 0.41 0.37 -0.04
Other 0.27 0.30 0.03 0.16 0.18 0.02
Education level
4 or less years 0.51 0.56 0.05 0.09 0.09 0.00
6 years 0.20 0.20 0.00 0.29 0.29 0.00
9 years 0.13 0.12 -0.01 0.23 0.25 0.02
High school 0.11 0.09 -0.02 0.30 0.31 0.01
College 0.05 0.03 -0.02 0.09 0.07 -0.03
Regions
North 0.49 0.16 -0.33 0.50 0.18 -0.32
Center 0.10 0.19 0.09 0.14 0.21 0.07
Greater Lisbon 0.38 0.43 0.05 0.32 0.40 0.07
Alentejo 0.00 0.17 0.17 0.00 0.16 0.16
Algarve 0.03 0.02 -0.01 0.03 0.02 -0.01
Unemployment spell
Complete durations(2) 32.39 30.48 -1.91 14.81 14.11 -0.69
No. observations 31,121 11,285 24,511 10,879
By unemployment exits:
Placed(3) 6,037 2,424 3,950 1,769
Training 694 482 1,017 674
Cancelled(4) 24,390 8,379 19,544 8,436
Notes: The Reage program targeted unemployed individuals, 25 years old or more, with unemployment
spells of at least 12 months. The Inserjovem targeted 15 to 24 years old with unemployment spells of
at least 6 months. Treatment includes eligible individuals in pilot employment oces for the July to
December 1998 period. The control group includes eligible individuals in non-pilot oces. The data
are collected by the Employment Services and recorded in the SIGAE database. (1) It includes end of
temporary job and red unemployed. (2) Unemployment spell duration measured until the individual
exits unemployment. (3) Refers to transitions to employment using EOs services or own placement.
(4) Refers to registrations cancelled by the EOs due to irregularities.
32Table 2: Short-term average treatment eect on the treated (in months): By program and destination
state out of unemployment
D-in-D D-in-D Matching1
Exit type Program No. observations Unrestricted2 Restricted3 Kernel Spline
(1) (2) (3) (4)
Placed Reage 18,323 -0.39 -0.19 -0.40 -0.36
(0.44) (0.42) (0.44) (0.46)
Inserjovem 11,944 -0.11 0.03 0.29 0.27
(0.34) (0.33) (0.36) (0.33)
Training Reage 2,182 0.95 1.19 1.70 1.29
(1.22) (1.20) (1.59) (1.63)
Inserjovem 3,168 -0.98 -0.91 -0.21 -0.16
(0.62) (0.61) (0.78) (0.80)
Cancelled Reage 68,960 -0.03 0.28 0.13 0.21
(0.25) (0.23) (0.28) (0.29)
Inserjovem 55,595 -0.54 -0.54 -0.26 -0.38
(0.17) (0.16) (0.18) (0.18)
Notes: (1) The variables included in the estimation of each of the propensity scores upon which
matching is performed are listed in the Appendix, Table A.1. For the case of individuals placed in
the labor market, the results of the balancing property are also reported in the Appendix, Table A.2.
Standard errors are presented in parentheses. For the D-in-D Matching estimates the standard errors
are bootstrapped-based, using 50 replications for each estimate; (2) The column \unrestricted" refers
to the D-in-D estimator based only on the simple dierences of sample averages of the dependent
variables. That is, no attempt to control for observable characteristics is made; (3) The column
\restricted" refers to the D-in-D estimate obtained by estimating equation (3) with linear regression,
controling for the individuals' observed characteristics listed in Table A.1.
33Table 3: Short-term average treatment eect on the treated (in months): Heterogeneity analysis by
gender, age and education levels
Exit type & Gender Reage cohorts (age in years) Education levels
Program Women Men [25, 30) [30, 40)  40 4 or less 6 years 9 years H. school College
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Placed
Reage 0.02 -0.85 -0.19 -0.49 0.03 0.08 -0.45 -1.95 -1.07 -2.77
(0.63) (0.70) (1.14) (0.76) (0.76) (0.71) (1.00) (1.34) (1.44) (2.35)
9,543 8,780 2,789 6,701 8,212 9,082 3,816 2,485 2,067 826
Inserjovem -0.01 0.98 - - - 0.11 0.23 0.25 0.66 0.24
(0.49) (0.59) - - - (1.54) (0.73) (0.75) (0.70) (1.17)
7,318 4,626 - - - 998 3,682 2,732 3,519 1,001
Cancelled
Reage -0.04 0.45 -0.88 -0.61 0.83 0.84 -1.07 -0.45 -0.72 0.04
(0.34) (0.35) (0.53) (0.42) (0.39) (0.37) (0.57) (0.74) (0.81) (1.23)
37,643 31,317 12,668 22,325 32,240 36,754 13,670 8,407 6,825 3,304
Inserjovem -0.59 0.07 - - - -0.59 0.07 -0.26 -0.45 -1.10
(0.24) (0.30) - - - (0.66) (0.35) (0.34) (0.30) (0.50)
34,400 21,195 - - - 5,135 15,749 12,601 17,015 5,094
Note: Estimates based on the D-in-D matching estimator with kernel propensity score matching. Analytical standard
errors reported in parentheses. Total number of observations (treatment and control, before and after) reported below
standard errors.
34Table 4: Average treatment eect on the treated (in months): Timing eects
1st semester of 2nd semester of Medium term Anticipation
Exit Program implementation1 implementation2 evaluation3 eects4
(1) (2) (3) (4)
Placed Reage -0.40 -0.26 1.11 -1.42
(0.44) (0.84) (0.93) (0.89)
18,323 14,068 10,875 11,703
Inserjovem 0.29 -0.39 0.96 0.33
(0.36) (0.74) (0.82) (0.80)
11,944 9,287 6,586 7,213
Training Reage 1.70 -0.04 1.23 2.49
(1.59) (1.60) (1.77) (1.92)
2,182 1,925 1.644 1,445
Inserjovem -0.21 0.41 1.27 0.08
(0.78) (1.07) (1.09) (1.18)
3,168 2,620 2,098 2,106
Cancelled Reage 0.13 0.53 0.41 0.13
(0.28) (0.62) (0.70) (0.66)
68,960 53,078 38,796 44,598
Inserjovem -0.26 -0.58 0.04 -0.63
(0.18) (0.51) (0.57) (0.53)
55,595 42,142 27,692 35,809
Notes: Bootstrapped-based standard errors are presented in parentheses, followed by the
number of observations. (1) This column presents the D-in-D matching estimates with
kernel propensity score matching reported in column (3) of Table 2. (2) The impact of
the program is measured during the second semester of implementation. (3) The impact of
the program is measured during July to December 2000, 2 years after the rst EOs oered
the programs, and before the programs are rolled out to the whole country (the last EOs
enrolled in January, 2001), using the same set of treatment EOs and dropping from the
control group EOs that enrolled between December 1998 and July 2000. (4) The impact of
the program is measured during the rst semester of implementation but, relatively to the
baseline specication, the control group excludes EOs that were in line to oer the programs,
namely, those joining in February and May 1999.
35Table 5: Short-term average treatment eect on the treated (in months): Substitution eects and issues
of local comparability
D-in-D Matching Robustness check by adjusting:
Exit Program Kernel (Table 2)1 Treatment group2 Control group3
(1) (2) (3)
Placed Reage -0.40 -0.39 -1.01
(0.44) (0.52) (0.53)
18,323 16,981 16,567
Inserjovem 0.29 0.24 0.50
(0.36) (0.40) (0.41)
11,944 11,003 10,420
Training Reage 1.70 2.71 0.06
(1.59) (1.53) (2.03)
2,182 1,762 1,651
Inserjovem -0.21 -0.04 0.15
(0.78) (0.76) (0.81)
3,168 2,656 2,522
Cancelled Reage 0.13 0.34 -0.10
(0.28) (0.28) (0.29)
68,960 65,770 60,641
Inserjovem -0.26 -0.71 -0.27
(0.18) (0.18) (0.19)
55,595 52,822 47,492
Notes: Bootstrapped-based standard errors are presented in parentheses, followed by the
number of observations. (1) This column presents the D-in-D matching estimates with
kernel propensity score matching already reported in column (3) of Table 2. (2) The
robustness check is performed by adjusting the denition of the treatment group. All
EOs in the southern region Alentejo are excluded from the treatment group due to local
labor market specicity (higher unemployment rates and higher portions of agricultural
and public service employment). (3) The robustness check is performed by considering
a stricter denition of eligible individuals for the control group, specically, only those
residing in EOs having physical borders with the EOS in the treatment group.
36Table A.1: Propensity scores: estimation based on probit models for placed individuals by program and
period
Reage Inserjovem
After Before After Before
Variables Coe. Std. Errors Coe. Std. Errors Coe. Std. Errors Coe. Std. Errors
Age -0.05 (0.01) -0.02 (0.01) 0.22 (0.14) 0.24 (0.14)
Age2 0.00 (0.00) 0.00 (0.00) -0.01 (0.00) -0.01 (0.00)
Married 0.10 (0.04) 0.10 (0.04) 0.08 (0.05) 0.12 (0.05)
Female 0.01 (0.03) 0.10 (0.03) -0.02 (0.04) 0.01 (0.04)
Education(1)
4 or less years 0.79 (0.09) 0.67 (0.08) 0.60 (0.10) 0.29 (0.10)
6 years 0.57 (0.09) 0.55 (0.08) 0.49 (0.09) 0.27 (0.08)
9 years 0.38 (0.09) 0.40 (0.09) 0.49 (0.09) 0.27 (0.08)
High school 0.35 (0.09) 0.33 (0.09) 0.41 (0.08) 0.20 (0.08)
Reason to register(2)
Inactive 0.27 (0.10) 0.26 (0.12) 0.26 (0.05) 0.25 (0.05)
Quitted -0.14 (0.07) -0.11 (0.08) 0.01 (0.10) -0.08 (0.10)
Others 0.09 (0.04) 0.15 (0.03) 0.23 (0.06) 0.14 (0.06)
Immigrant -0.35 (0.17) -0.38 (0.18) 0.14 (0.24) -0.33 (0.27)
Handicapped 0.38 (0.20) -0.18 (0.18) -0.03 (0.25) 0.34 (0.25)
Region(3)
North -1.29 (0.04) -1.15 (0.04) -1.24 (0.04) -1.24 (0.04)
Center -0.01 (0.05) -0.04 (0.04) -0.17 (0.05) -0.27 (0.05)
Algarve -0.87 (0.11) -1.02 (0.09) -0.96 (0.12) -1.14 (0.10)
Constant 0.24 (0.31) -0.55 (0.29) -2.81 (1.54) -2.87 (1.53)
No. observations 8,469 9,854 5,724 6,220
Pseudo R2 0.15 0.13 0.14 0.14
Notes: See Table 1 for some variable denitions. (1) The omitted categorical variable is \College". (2) The omitted
categorical variable is \Fired". (3) The omitted categorical variable is \Greater Lisbon". The dummy variable for
Alentejo was also omitted from the estimation because it predicted perfectly treatment (it should be noted that the vast
majority of Alentejo EOs applied the programs in June 1998, while none of the exceptions qualied for the control group).
37Table A.2: Matching covariates balancing property: summary statistics and test statistics for placed
individuals by program in the post-program period
Reage
Mean t-test Reduction in
Variables Sample Treated Control p-value(1) % bias(2) jbiasj
Age Unmatched 40.67 39.71 0.000
Matched 40.68 40.96 0.317 -2.9 71.3
Age2 Unmatched 1745.80 1661.80 0.000
Matched 1747.10 1767.80 0.374 -2.6 75.4
Married Unmatched 0.75 0.73 0.030
Matched 0.75 0.76 0.834 -0.6 88.7
Female Unmatched 0.56 0.53 0.003
Matched 0.56 0.55 0.221 3.5 51.3
Education
4 or less years Unmatched 0.56 0.47 0.000
Matched 0.56 0.56 0.966 -0.1 99.4
6 years Unmatched 0.20 0.21 0.124
Matched 0.20 0.20 0.732 -1 73.8
9 years Unmatched 0.12 0.14 0.001
Matched 0.12 0.12 0.777 0.8 90.4
High school Unmatched 0.10 0.12 0.001
Matched 0.10 0.10 0.851 -0.5 93.9
Reason to register
Inactive Unmatched 0.03 0.02 0.066
Matched 0.03 0.02 0.255 3.3 23.3
Quitted Unmatched 0.05 0.07 0.000
Matched 0.05 0.05 0.360 -2.4 75.5
Others Unmatched 0.28 0.23 0.000
Matched 0.28 0.26 0.205 3.7 68.6
Immigrant Unmatched 0.01 0.01 0.161
Matched 0.01 0.01 0.976 0.1 97.8
Handicapped Unmatched 0.01 0.00 0.114
Matched 0.01 0.01 0.747 0.9 74.7
Region
North Unmatched 0.10 0.48 0.000
Matched 0.10 0.11 0.576 -1.2 98.7
Center Unmatched 0.16 0.08 0.000
Matched 0.16 0.17 0.325 -3.2 85.8
Algarve Unmatched 0.01 0.03 0.000
Matched 0.01 0.01 0.267 2.3 82.8
Observations:
On common support 2,421 6,045




Std. Dev. 21.39 1.30
Maximum 92.15 3.73
Minimum 3.51 0.08
Pseudo R2(3) 0.150 0.001
LR test p-value 0.000 0.865
Notes: (1) The p-value of the t-test for the equality of means in the treated and control groups, both
before and after matching. (2) % Bias is the standardized bias as suggested by Rosenbaum and Rubin
(1985) reported together with the achieved percentage reduction in jbiasj. (3) Pseudo R2 from the probit
model estimation of the propensity scores, including all variables reported in Table A.1, before and after
the matching process (Sianesi, 2004).
38Figure 1: Mainland Portugal: Treatment and control employment oces (EO) geographical location
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Average at the EOs implementing in the period
l Average at EOs not yet implementing
Source: Labor Force Survey, INE.
Figure 2: Employment Oces (EOs) quarterly average unemployment rate at the implementation dates.
Notes: Reported quarters correspond to months of implementation. The gure lists the sequence of
EOs enrollment dates, starting in June 1998 up to September 2000. Each data point represents a set of
EOs dened by their specic enrollment date. The starred point at each date identies the set of EOs























































































































Figure 3: Unemployment rate (left-panel) and unemployment durations (right-panel).
Notes: Quarterly average unemployment rates, 1993 to 1999, for the treatment areas and con-
trol areas (left-panel). Monthly average unemployment spells duration for treatment and control areas
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